The objective of the study was to develop an optimized method for dynamic electrical impedance tomography (EIT) to image large area conductive perturbation (LACP), a new type of imaging target that we found during the monitoring and evaluation of the mannitol dehydration treatment of patients with brain edema based on brain EIT. Previously, we reconstructed LACP images with the commonly used NOSER algorithm with polar driven pattern. However, conductivity changes near the center of the LACP were blurred or remained undetected, and blocky artifacts appeared in the reconstructed images, making the interpretation of the results difficult. To solve this problem, we, for the first time, propose an optimized algorithm for imaging LACP. This algorithm comprises a modified sensitivity matrix to compensate for the blurred conductivity changes near the center. It also uses the Markov random field constraint to reduce blocky artifacts. To verify the performance of the proposed method, we conducted experiments based on head models and human subjects. Specific metrics, including shape error (SE) and image fluctuation (IF) artifacts, were also proposed to evaluate the image quality of the LACP. The experimental results demonstrated that, compared with the NOSER algorithm, the proposed method could respectively reduce SE and IF by 51.7% and 47.5%. Therefore, it can optimize the imaging of LACP and provide references for other applications at present or in the future which involve imaging LACP.
I. INTRODUCTION
Electrical impedance tomography (EIT) is a non-invasive and radiation free method that can continuously image the conductivity distribution within the human body [1] . In EIT, safe currents are applied with electrodes on the surface of the body based on a predefined protocol. Then, the resulting boundary voltages are measured and used for image reconstruction.
Biomedical fields began to have use for EIT in the late 1970s and it was first applied to imaging the lung [2] . Then, other biomedical applications including monitoring gastric emptying, detecting breast cancer, imaging brain function, and analyzing cell growth emerged [3] .
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We applied dynamic EIT to monitor the mannitol dehydration treatment of patients with cerebral edema [4] , [5] . We started EIT monitoring after the administer of mannitol and the results demonstrated that during the treatment, dynamic brain EIT could individually evaluate the efficacy of the treatment and noninvasively reflect intracranial pressure (ICP), a vital physiological parameter that could indirectly indicate the evolution of brain edema [5] . In this application, the use of mannitol can decrease the conductivity of the entire brain tissues so EIT imaged large area conductive perturbation (LACP). For brain EIT, LACP is a new type of perturbation because in previous studies such as those involving brain function or brain injury imaging, the areas of perturbation were usually small. Although the LACP, with relatively large amplitude of conductivity, is favorable for EIT detection, it poses new imaging challenges.
In previous clinical experiments, we reconstructed LACP using the commonly used NOSER constraint algorithm [6] with a polar driven pattern. Although the NOSER algorithm could successfully reconstruct the LACP, it was found that the conductivity changes near the center of LACP were blurred or not detected and the EIT image had blocky artifacts, which affected the interpretation of the results. In many published studies, similar reconstruction errors for LACP were reported. Cheney reconstructed a large circular perturbation with the common NOSER algorithm and the reconstructed image had blurred conductivity changes in the center [6] . They solved the problem by increasing value of the regularization parameter; however, doing so could cause over smoothness in the reconstructed images [7] . Clay and Fan introduced a normalization map into EIT algorithm to reduce the blurred conductivity changes near the center. However, the influence of the different electrical properties of brain tissues on EIT sensitivity distribution was not considered in this method and it could not effectively reduce the blocky artifacts [8] , [9] . In recent years, many studies reported optimized dynamic EIT algorithms such as GREIT [10] and shape based algorithms [11] . But the imaging errors of LACP were not investigated in these algorithms. As real application settings for LACP have not been found before, further study on the imaging of LACP has not been done.
The electrodes of EIT are placed on the periphery of the brain and different brain tissues have different conductivities [12] . This makes the stimulation currents inside the head nonunifrom and to decrease from the boundary to the center. This inherent defect of brain EIT causes errors in imaging LACP. However, we may improve the image quality of LACP by modifying the EIT algorithm because algorithms with different priori information can generate solutions with preferred characters, such as the total variation (TV) algorithm, which assumes that the solution is sparse and can reconstruct targets with sharp edges [13] .
Therefore, we propose an optimized method for imaging LACP in this paper. To compensate for the blurred conductivity changes near the center, we optimize the sensitivity matrix J of the EIT algorithm, namely the Jacobian matrix, by selecting a proper driven pattern for LACP imaging, processing J using a normalization map and incorporating the priori information of brain conductivity distribution into J . Then, to reduce blocky artifacts, we introduce the Markov random field constraint [14] into the algorithm.
The structure of this paper is as follows. In Section II, we illustrate the imaging errors of LACP. In Section III, we introduce the optimized method for imaging LACP. In Section IV, we outline the models, instruments, and image quality evaluation metrics used in the experiments. Finally, to test performances of the proposed method in imaging LACP, we conduct phantom and human experiments in Section V. 
II. ILLUSTRATION OF LACP AND ITS IMAGING ERRORS
Before proposing the optimized method for LACP, we first illustrate LACP and the errors during its image reconstruction by the NOSER algorithm with a polar driven pattern. In this study, we refer the imaging target of EIT with large area and conductivity changes near the boundary and center of the imaging domain as LACP. As discussed above, conductivity of the entire brain will decrease during the dehydration treatment, so targets in this application can be regarded as LACP.
Previously, we reconstructed LACP with the NOSER algorithm, which is widely used in dynamic brain EIT and in this algorithm, the relationship between boundary voltage changes δU ∈ R n×1 and conductivity changes δσ ∈ R m×1 can be approximated as:
where J ∈ R n×m represents the sensitivity matrix, n is the number of measurements, and m is the number of elements of the monitored domain meshed by the finite element method.
To solve (1), we sought a δσ that satisfies the objective function [15] :
where λ is the regularization parameter that controls the amount of regularization and its value can be determined based on the L-curve method [16] . R(σ ) is the regularization constraint and in the conventional NOSER algorithm [6] ,
Then, δσ can be calculated as:
where R = diag(J ) and we denote B = (J T J + λR T R) −1 J T as the reconstruction matrix. The sensitivity matrix J is highly ill-posed and its values are not uniform. In the reference [17] , it is reported that large values of J correspond to conductivity changes near the boundary. Therefore, the LACP reconstructed with this algorithm has blocky artifacts and conductivity changes near the center are blurred.
To present a more vivid description of the imaging errors for LACP, we set a large uniform circular target in the circle finite element (FE) model in Fig. 1(a) . The conductivity values of the background and circular perturbation were 1 S/m and 0.95 S/m, respectively. Based on this model, we generated simulation EIT data and set the signal noise ratio (SNR) of the data as 40 dB by adding Gaussian random noise based on the method introduced in Section IV. Fig. 1 (b) demonstrates the imaging results obtained by the NOSER algorithm with a polar driven pattern.
From the results, we can see that the conductivity changes near the center were blurred and there were blocky artifacts caused by random noise in the reconstructed EIT image. Fig. 1(c) shows the comparison of the conductivity values along the black line in the predefined and reconstructed LACP. For the reconstructed LACP, conductivity values near the center are smaller than those near the boundary, which is consistent with the results reported in the reference [6] .
III. OPTIMIZED METHOD FOR IMAGING LACP
In this section, we propose an optimized algorithm with a modified sensitivity matrix and Markov constraint for imaging LACP.
A. MODIFICATIONS TO THE SENSTIVITY MATRIX
To improve the image quality of LACP, we first suppressed the nonuniform values and ill-posedness of J following three steps.
1) SELECT A PROPER DRIVEN PATTERN
The calculation of J is determined by EIT system configurations such as the EIT driven pattern. In previous experiments, we evenly placed 16 EIT electrodes on the scalp and injected currents via electrode pairs with a skip distance 8, namely with the polar driven pattern, to image LACP. Here, we considered changing the skip distances to obtain a J with relatively uniform sensitivity to conductivity changes in different mesh elements and good robustness for image reconstruction. In this study, we evaluated the uniformity of the sensitivity distribution of J with the standard deviation of the current density in each mesh element std C . We evaluated the robustness of J based on its condition number con J :
where ε max and ε min represent the maximum and minimum elements of the eigenvector of J . The proper driven pattern for imaging LACP is that with small std J and con J values.
2) NORMALIZATION MAP
Assume conductivity changes of all mesh elements are 1 S/m, thus the EIT boundary voltage changes caused by the change of the j th mesh element are:
where δU j represents EIT boundary voltage changes caused by the conductive changes of the j th mesh element and J j is the j th column of J . Then, the reconstructed conductivity of the j th mesh element is:
As discussed above, EIT has different sensitivity to conductivity changes in different locations. It is more sensitive to conductivity changes near the boundary, so the ratio of values of δσ j before and after the reconstruction may not equal to 1. This problem can have conductivity changes of LACP near the center blurred or not detected. To compensate this error, we make a calibration to the reconstruction by introducing a normalization map:
where the diagonal matrix N ∈ R m×m is the normalization map and its j th diagonal element is:
With the weighted matrix, blurred conductivity changes near the center could be compensated.
3) SENSITIVITY CORRECTION WITH PRIORI INFORMATION OF THE CONDUCTIVITY VALUES OF BRAIN TISSUES
For brain EIT, different electrical properties of the different brain tissues influence the sensitivity distribution [18] . Therefore, before the normalization, we improved the accuracy of the sensitivity matrix J using a correction matrix C = diag(c i ):
where σ scalp , σ skull , and σ parenchyma represent the conductivity of the scalp, skull, and parenchyma, whose values can be noted from Table 2 in Section IV. In the real-life application in this manuscript, patients have been diagnosed with brain injuries, so we can obtain CT or MRI of the patients from doctors and generate their specific FE reconstruction models. e i is the i th mesh element of the head model. scalp , skull , and parenchyma represent domains of the scalp, skull, and parenchyma in the head model. After the above steps, the modified sensitivity matrix is J M = JCN .
B. MARKHOV RANDOM FIELD CONSTRAINT
To further reduce the blocky artifacts, we used the priori information that EIT has similar sensitivity to the conductivity changes in the mesh elements that are near each other. The above priori can be converted to the Markov random field (MRF) constraint [14] . We denoted the MRF constraint matrix with the matrix D ∈ R m×m , and its element d ij in the i th row and j th column can be written as:
where E i represents the set that consists of mesh elements adjacent to the i th element e i . r i is the number of elements in E i .With J M and the MRF constraint, the EIT objective function can be rewritten as:
where R MRF = Ddiag(J ) and the optimized solution δσ optimal is:
First, based on the head models, we investigated the proper driven pattern for imaging LACP, with relatively uniform sensitivity and good robustness for image reconstruction. In Fig. 2 , we plotted heat maps of the current density inside brain under driven patterns with different skip distances. The red regions indicate large values of current density whereas the blue regions represent small values of current. From the results, we can see that, for all driven patterns, the values of current density decreased from the boundary to the center, which is consistent with the known fact that EIT is more sensitive to conductivity changes near the boundary than those in the center.
Considering the above results might vary for different patients, we derived twenty specific head models based on CT of patients. Then with these models, we calculated their corresponding standard deviations of current density std C (mean ± std, n = 20) and the condition numbers con J (mean ± std, n = 20) under different driven patterns in Table 1 . From Table 1 , we know that, among the compared driven patterns, the 'skip-7' driven pattern had small values of std c and con J , which indicated that it had relatively uniform current sensitivity distribution and good robustness. Thus, we selected k = 7 in the following imaging of LACP. Fig. 3 shows the head models used in the simulation experiments. Fig. 3(a) shows the forward 3D FE head model generated by COMSOL Multiphysics 4.4 (Comsol Group, Sweden). It has 28,000 free triangle mesh elements and consists of brain tissues including scalp, skull, CSF, [18] and Gilad et al. [19] . We list the conductivity values of the different brain tissues in Table 2 . In the stimulation experiment, we generated EIT data by inserting a perturbation into the forward 3D head and measured the boundary voltage changes. Fig. 3(b) shows the matched 2D inverse head model, whose mesh scales are reduced to 875 to accelerate reconstruction speed. Fig. 4(a) shows the physical experiment platform which consists of EIT hardware, software, electrodes, and a 3D physical head model. The physical head model (see Fig. 4(b) ) was fabricated by a 3D printer and has real anatomical geometry as well as conductivity distribution [20] . Sixteen Ag-AgCl electrodes were placed on the model and attached to the homemade EIT hardware [21] . The accuracy of this system was 0.01% and the common mode rejection ratio was over 80 dB. For more detailed information of our system, you can refer to the references [21] , [22] . In real-life applications, electrical currents with amplitude 1mA and frequency 50 kHz are injected into the body according to the 'skip-k' driven patterns.
B. HEAD MODELS AND INSTRUMENTS FOR MODEL EXPERIMENTS

C. HUMAN EXPERIMENTS
For the human experiments, we utilized EIT to monitor the mannitol dehydration treatment of patients with edema in the first affiliated hospital of the fourth military medical university. The human experiments were approved by the Research Ethics Committee of the Fourth Military Medical University (FMMU-E-III-001(1-7)) and registered at Medresman.org (No. ChiCTR-DDD-16008272). Fig. 5 illustrates the human experiment. We placed 16 Ag-AgCl EIT electrodes on an elastic belt, which could be easily fastened on the head of the patient for the EIT monitoring. In the experiment, a mannitol infusion was provided to the patient via an intravenous drip at a dose of 0.5 g/kg. EIT monitoring was begun after the infusion and lasted for at least 200 minutes. The CT images of each patient were used for making a specific reconstruction FE model to improve the reconstruction quality [23] . For further details of the experiment, you can refer to the references [4] .
D. EVALUATION METRICS FOR IMAGE QUALITY OF LACP
In EIT, most image quality evaluation metrics, such as resolution and location error, are defined based on point perturbation. Therefore, we lack specific methods to evaluate image quality of LACP. In this paper, two evaluation metrics are proposed to evaluate the image quality of LACP. The shape error (SE) and image fluctuation (IF) are defined as:
where A P represents the area of the predefined conductive perturbations and A R is the area of the reconstructed conductive perturbations. In this study, we define the elements in the reconstructed image whose amplitude of conductivity changes exceed 25% of the peak value of the reconstructed targets. Large values of SE mean that the reconstructed LACP has large differences from the predefined LACP and the reconstruction is inaccurate.
where std(δσ R ) and mean(δσ R ) represent the standard deviation and mean value of the reconstructed conductive changes, respectively. In the imaging of LACP, the blurred conductivity changes in the center and the blocky artifacts increase the value of IF. Therefore, large values of IF indicate significant image fluctuation errors.
E. MATHAMATICAL MODEL FOR GENERATING NOISY DATA
In this paper, we generate the noisy data with the matlab codes:
where U noise represents the synthetic noisy EIT data, U is the ideal simulated data or data of physical head model experiments measured in laboratory, and SNR is the signal noise ratio. Fig. 6 shows the results of simulation experiments. In Fig. 6 (a) , we set four stimulated LACPs in plat patty shape using the 3D head model. The conductivity values of the dark blue, light blue and background regions were respectively set as 0.12 S/m, 0.13 S/m, and 0.149 S/m. We added random noise to the EIT data and set the SNR as 60 dB and 40 dB. Limited by the scale of the paper, we only demonstrated the imaging results of different methods under the relatively high level of random noise in Fig. 6(b) to (f). Fig. 6(b) shows the imaging results of the common NOS ER algorithm with polar driven pattern. From the results, we found that the NOSER could reconstruct the shape of the LACP. However, conductivity changes near the center area of the head were blurred, and blocky artifacts existed in the reconstructed LACP. Fig. 6(c) shows the results of the NOSER algorithm with the 'skip-7' driven pattern, of which the robustness is better than the polar driven pattern. So, the blocky artifacts in reconstructed LACP were reduced to some extent, but as the electrodes were still on the periphery of the head, the improvement in the image quality of the LACP was limited. Fig. 6(d) shows the imaging results of GREIT. GREIT is an advanced algorithm with good robustness to noise and performance in unveiling the shape of the targets. From the imaging results, we can see GREIT could reduce the blocky artifacts of LACP. However, it still had the error that conductivity changes of LACP near the center were blurred or not detect. In Fig. 6 (e), we selected a large regularization parameter λ = 1.5 for NOSER algorithm. The undetected conductivity changes near the center were compensated, but the reconstructed LACP exhibited shape deformations due to the over-smoothening of the regularization. In Fig. 6(f) , the algorithm with a normalization map could compensate blurred information in the center of the image without over smoothness to the boundary of LACP. However, the blocky artifacts were not merged. Fig. 6(g) shows the results of the proposed algorithm; it can be seen that the image quality was further improved. The conductivity changes in the center were compensated and the blocky artifacts in the reconstructed images were significantly suppressed.
V. RESULTS
A. RESULTS OF SIMULATION EXPERIMENTS
For the quantitative evaluation results, Fig. 7 shows the SE and IF of EIT images obtained by different methods. The extent of perturbations correspond to the 4 LACPs shown from the top to the bottom in Fig. 6 . From the evaluation results, we find that among the compared methods, the proposed method reduced the SE and IF of the reconstruction results. The mean SE for the 4 LACPs reconstructed by the NOSER method was 0.733 whereas that of the proposed method was 0.354. Thus, compared with the NOSER algorithm using the polar driven pattern, the proposed method reduced the SE by 51.7% on average. The mean IF for the 4 LACPs reconstructed by the NOSER method was 0.325, whereas that of the proposed method was 0.171. So, compared with the common NOSER method, the proposed method reduced the IF by 47.5% on average. To summarize, the proposed method significantly improved the image quality of the LACP, both qualitatively and quantitatively.
B. RESULTS OF PHYSICAL MODEL EXPERIMENTS
To further test the LACP imaging performance of the proposed method, we conducted physical model experiments, and the results are shown in Fig. 8 . In Fig. 8(a) , we made several LACPs by mixing agar with saline solution. The conductivity of the LACPs was set as 0.05 S/m and the conductivity of the background was set as 0.15 S/m. We first obtained the boundary voltages of the head model without perturbations. Then, we inserted the LACP into the head model and performed measurements. Considering the level of random noise in hospital was higher than that in the laboratory, we added extra random noise to the data using the (11) , where we set the SNR as 60 dB. Then, using the two sets of the synthetic data, we calculated the boundary voltage difference and reconstructed the EIT images. Fig. 8(b) and Fig. 8 (c) respectively shows the results of the common NOSER algorithm with the polar driven pattern and those of the proposed algorithm with the 'skip-7' driven pattern.
From the results of the physical model experiments, we could see that the NOSER algorithm can roughly reflect the shape of the LACP. However, the conductivity changes near the center were not detected and the reconstructed perturbation had blocky artifacts. In the reconstructed images, although the conductivity value of the agar perturbations was smaller than that of the background, the reconstructed images had red areas, which indicated an increase in conductivity. We believe that this phenomenon was caused by the flow of conductive fluids when we inserted the perturbation into the model as well as the image artifacts caused by random noise.
C. RESULTS OF HUAMN EXPERIMENTS
We tested performances of the proposed method based on data of three patients who had mannitol dehydration treatments. Fig. 9 shows the imaging results of human experiments. In the human experiments, we didn't provide the reference images of the real distribution of intracranial conductivity changes after the dehydration treatment. Although CT or MRI of patients could reflect the water content changes inside the brain, we couldn't ask doctors to perform CT or MRI right after the monitoring. In this case, we verified performances of our proposed method with an indirect method. Fig. 9(a) shows results obtained by the NOSER algorithm with the polar driven pattern. Based on the results in Fig. 9(a) , we shielded conductivity changes near the boundary and only demonstrated the reconstructed conductivity changes near the center in Fig. 9(b) . After the processing, the distribution of reconstructed conductivity changes near the center could be reflected in EIT images. This method in essence is to manually adjust the window width of the image but the amplitude attenuation of conductivity changes near the center were not compensated. And it would challenge evaluating the degree of the dehydration in different areas of the brain. Fig. 9 (c) displays the results obtained by the proposed algorithm. From the results, we can see that the proposed method could effectively compensate the blurred conductivity changes near the center and provided us with more information. Additionally, the blocky artifacts were also reduced by the proposed method and the EIT images in the Fig. (c) were relatively smoother than those in the Fig. (a) .
VI. DISCUSSION
EIT is an emerging imaging modality that has the potential to provide answers to some clinical questions. But to achieve this, the performances of EIT need to be further improved. In particular, clinically-motivated research on EIT techniques should be the focus of study.
Our group conducted the exploratory clinical study of dynamic brain EIT to monitor the mannitol dehydration treatment of patients with brain edemas and found dynamic EIT had potentials to individually evaluate the efficacy of the treatment and reflect ICP, which could indirectly reflect evolutions of brain edema. In this application, the imaging targets are LACPs, a new type of perturbation that had not been systematically studied. Although the common NOSER algorithm could reconstruct the shape of LACP, its imaging results had errors that might challenge result interpretation. To improve the image quality of LACP, we proposed an optimized EIT algorithm with a modified sensitivity matrix and the MRF constraint. Specific evaluation metrics including shape error (SE) and image fluctuation (IF) artifacts were also proposed for assessing the image quality of LACP.
There are several technical limitations in our proposed method and experiments. First of all, the optimized algorithm could compensate the blurred conductivity changes near the center with a calibration step, namely the normalization map and priori of conductivities of different brain tissues. But this method in essence couldn't flatten the non-uniform EIT sensitivity and is model dependent. In the clinical setting studied in this manuscript, the patients had been diagnosed with brain injuries, so we could obtain their CT or MRI from doctors to generate their specific FE head models [5] . The second limitation is that all experiments in the present study were conducted based on 2D imaging, whereas 3D EIT imaging can provide more information. The proposed method can be easily modified to use 3D imaging, and we aim to accomplish this in future work. The third limitation is that the EIT driven pattern is confined to evenly placing 16 electrodes on the surface of the scalp. In further investigations, more electrodes and more flexible ways of electrode installation will be considered.
Finally, we will discuss the application of dynamic EIT and multi-frequency EIT (MFEIT) [24] in imaging brain injuries, a topic which was concerned by many brain EIT researchers. MFEIT which reconstructs images of conductivity distribution at different frequencies is an advanced imaging method and has great prospects in detecting the existence and distinguishing different types of brain injuries. However, MFEIT has not yet successfully translated to human experiments because some technical challenges [25] . Researchers are working on improving MFEIT and our group also conducted researches on MFEIT [26] . We believe this technique may be applied in the human experiments in the future. Compared with MFEIT, dynamic brain EIT is more mature. Although dynamic EIT can't detect the existence of the brain injury because we can't obtain the priori of conductivity distribution before brain injury, it promises to detect evolutions of brain injuries. Recently, our group also explored several new application settings for dynamic EIT and obtained interesting results [5] , [27] . But there are still many problems for dynamic EIT in its applications to human experiments such as the imaging errors of LACP investigated in our manuscript. Therefore, we think studies on the two techniques should be valued.
VII. CONCLUSION
Unlike the commonly investigated point perturbation, LACP is a new type of perturbation with specific application settings, imaging challenges and demands for dynamic brain EIT. In this study, we proposed an optimized imaging method for EIT to image LACP. In this method, we first selected an EIT driven pattern with relatively uniform stimulation currents inside the brain and good robustness to noise for imaging LACP. Then, we modified the EIT algorithm with a normalization map, priori of the conductivities of different brain tissues and the MRF constraint. Compared with the conventional NOSER algorithm with polar driven pattern, the proposed method can effectively improve the image quality of LACP, with the demonstration that the amplitude attenuation of reconstructed conductivity changes near the center of the LACP were compensated and blocky artifacts in the reconstructed EIT images were reduced. And for the modification to the driven pattern and optimized reconstruction algorithm, the latter is the main factor for improvement of image quality of LACP.
